Abstract: Estimating aboveground biomass and its components requires sound statistical formulation and evaluation. Using data collected from 55 destructively sampled trees in different parts of Oregon, we evaluated the performance of three groups of methods to estimate total aboveground biomass and (or) its components based on the bias and root mean squared error (RMSE) that they produced. The first group of methods used an analytical approach to estimate total and component biomass using existing equations and produced biased estimates for our dataset. The second group of methods used a system of equations fitted with seemingly unrelated regression (SUR) and were superior to the first group of methods in terms of bias and RMSE. The third group of methods predicted the proportion of biomass in each component using beta regression, Dirichlet regression, and multinomial log-linear regression. The predicted proportions were then applied to the total aboveground biomass to obtain the amount of biomass in each component. The multinomial log-linear regression approach consistently produced smaller RMSEs compared with both SUR methods. The beta and Dirichlet regressions were superior to both SUR methods except for Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) branch biomass, for which the simple SUR method produced smaller RMSE compared with the beta and Dirichlet regressions.
Introduction
Forests play a dual role in the global carbon cycle as an important carbon sink by removing carbon dioxide through photosynthesis and converting that photosynthate to forest biomass and as a carbon source by releasing carbon dioxide through respiration, wildfires, and decomposition. If forests are properly managed and timber is used for long-term products such as buildings, then forest management could result in a net reduction of atmospheric carbon, whereas burning of wood for residential and commercial uses increases carbon emission rates. Thus there is great concern about the uncertainty over whether forests will be a sink or a source of carbon in the future. Forest growth rates, harvest activities, natural disturbances such as wildfire, and loss of forest cover due to land-use changes are key factors that alter the carbon stock and absorption ability of a forest. It is essential to have knowledge of carbon stocks and fluxes to understand the current state and future course of the carbon cycle in response to changing land uses and climatic conditions (Hollinger 2008) . The amount of biomass as living vegetation or dead wood and debris is an important factor that relates forestry function and atmospheric carbon regulation (Brown 2002) .
Total carbon stocks in forest ecosystems can be divided into two main parts: aboveground pools and fluxes and belowground pools and fluxes (Hoover 2008) . Aboveground biomass constitutes the major portion of carbon pools in forest ecosystems (Vashum and Jayakumar 2012) . Xiao et al. (2003) found a 0.14 ratio of belowground biomass to aboveground biomass in a 73-year-old Scots pine forest. Czapowskyj et al. (1985) found 80% biomass in the aboveground components and 20% biomass in the belowground components of black spruce (Picea mariana B.S.P. (Mill.)) in Maine. Aboveground biomass estimation has received significant atten-tion in recent years because of the fact that the change in aboveground biomass is associated with the components of climate change (Lu et al. 2002) . It depicts the forest's potential to sequester and store carbon dioxide. Therefore, estimation of aboveground biomass is central in quantifying and monitoring of the amount of carbon stored in forest ecosystems.
The amount of biomass contained in a tree is influenced by various site factors such as stand density, site productivity, soil characteristics such as texture and moisture content, and tree characteristics such as species and age. Generally, aboveground biomass is estimated through the use of allometric equations that relate easily measurable attributes such as diameter at breast height (DBH, 1.3 m), height, etc., to total tree biomass or component biomass. It is critical to note, however, that different regions and species link these attributes to biomass through different functions such as logarithmic, linear, or quadratic forms (Zhou and Hemstrom 2009 ). Thus, site-and species-specific models might be preferred to regional models in their current form when predicting biomass at the local scale. de-Miguel et al. (2014a) found that the generalized mixed-effects metamodels calibrated with a location-specific small sample using a best unbiased linear predictor performed better than fitting location-specific equations based on much larger samples.
Aboveground biomass is commonly divided into three major components: bole (main stem), stem bark, and crown (branch wood and foliage). The component biomass models are useful to account for the variability within the tree. Moreover, different tree components are used for different purposes that require separate estimates of component biomasses. Primarily, the bole is used for timber production, crown biomass can provide information on fuel load and wildfire assessment, and small branches and leaves are useful in bioenergy production. Thus the information on biomass in each component is required to determine the associated cost of transportation and processing biomass. However, on the other hand, if the objective is to process whole trees through cull removal or removal of small diameter trees for whole-tree chipping at the bioenergy plant, then the component biomass estimates may not be as essential.
The amount of biomass allocated to different tree components varies by species and by their geographic locations (Luo et al. 2013) . In an effort to quantify aboveground biomass and net primary production of pine, oak, and mixed pine-oak forests, Nunes et al. (2013) found that in pine stands, the greater distribution of biomass was from the stem component, whereas in oak and mixed stands, the foliage was the component with the greater distribution of biomass. Repola (2006) found that wood density in pine decreased from the butt to the top and that the gradient in wood density was steep at the butt but decreased in the upper part of the stem. Even though the vertical dependence was similar in birch (a hardwood species), the density gradient was much smaller. Because mass is a function of volume and density, it also affects the amount of biomass contained in trees. In addition, the allocation of biomass to different components is influenced by differences in management practices (Tumwebaze et al. 2013; de-Miguel et al. 2014b) , age, and stand structure (de-Miguel et al. 2014b) . Therefore, locally derived, species-specific biomass equations may yield biomass estimates that are considerably different from the estimates obtained by using more generalized regional biomass equations without local calibration. Weighing trees in the field would be the most accurate method for estimating tree biomass. However, it is time consuming and very expensive, making the use of allometric equations inevitable. The type and amount of data and the number of equations required to accurately quantify biomass is unknown. Cautionary measures should be taken in developing and evaluating the methods for estimating aboveground biomass and its components.
When component models are fitted, the strength of relationship exhibited by bark, branch, and foliage models is nowhere near that for the stem wood (Boudewyn et al. 2007 ). However, it is desired that the prediction from component regression equations add to the prediction from the total tree regression model (Parresol 2001) . The relationships between component mass and easily measurable tree attributes differ considerably in conifers and hardwoods. Component biomass modeling in hardwood requires a more innovative approach due to decurrent form (Westfall et al. 2012) .
With a substantial increase in the demand of forest biomass information in recent years, considerable efforts have been made to estimate aboveground biomass and its components. Stem wood biomass accounts for the major portion of aboveground biomass. In comparing different approaches of aboveground biomass estimation, Zhou and Hemstrom (2009) found that the proportion of softwood merchantable biomass ranged from 72% to 83% of the total aboveground biomass, with little variation among species. Their methods of obtaining total and component aboveground biomass include the U.S. Department of Agriculture (USDA) Forest Service's Forest Inventory and Analysis component ratio method (FIA-CRM), the regional approach for the Pacific Northwest (FIA-PNW), and the equations developed by Jenkins et al. (2003) (hereafter, the Jenkins method). Using LiDAR data from a Picea crassifolia Kom. (a coniferous tree) stand, He et al. (2013) found that, on average, 72% of the total aboveground biomass of a tree is contained within the stem. The branches, foliage, and fruits in their study accounted 11%, 13%, and 4% of total aboveground biomass, respectively. However, Kuznetsova et al. (2011) found only 31% and 27% of aboveground biomass in the main stems of 8-year-old Scots pine (Pinus sylvestris L.) and lodgepole pine Pinus contorta var. latifolia Engelm. respectively, in the oil shale postmining landscapes in Estonia. They found 32% and 28% in shoots and 37% and 45% in the needles of those 8-year-old Scots pine and lodgepole pine, respectively. The stem biomass for 20-, 40-, and 60-year-old eastern Mediterranean Pinus brutia Ten. estimated using intrinsically linear models was found by de-Miguel et al. (2014b) to be 79.8%, 80.5%, and 80.6% of total aboveground biomass, whereas the crown biomass was 20.2%, 19.5%, and 19.4%, respectively. They found the proportion of stem and crown biomass for uneven-aged stands to be 61.8% and 38.1%, respectively.
These differences in proportion of biomass in different components among species warrant for species-specific component models. More than 90% of aboveground live tree biomass in Oregon is contributed by softwood species (Zhou and Hemstrom 2009) . Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) by itself contributes about 51% of total aboveground biomass of trees with a DBH > 12.5 cm (5 in.), and western hemlock (Tsuga heterophylla (Raf.) Sarg.) and ponderosa pine (Pinus ponderosa Douglas ex P. Lawson & C. Lawson) contribute about 8% each (Zhou and Hemstrom 2009 ). Additionally, Douglas-fir, western hemlock, grand fir (Abies grandis (Douglas ex D. Don) Lindl.), red alder (Alnus rubra Bong.), and lodgepole pine account for approximately 50% of the gross live volume in the Pacific Northwest. In this study, we developed and evaluated different approaches for estimating aboveground biomass and its components for Douglas-fir and lodgepole pine trees using the data collected destructively from sampled trees. The ideal method for estimating biomass for a population would be to randomly select sample plots, harvest all trees in that plot to estimate plot biomass, and then extrapolate to the population of interest. However, the design-based biomass estimation of a population is prohibitively expensive. Therefore, the sample tree measurement and forest area estimates are commonly obtained from independent forest inventory. The individual-tree biomass equations are then applied to the inventory data to obtain the biomass of the target population.
Approaches in biomass estimation depends on the scale of analysis, need for detail, user group interests, and purpose of estimation (Zhou and Hemstrom 2009) . Although there is a need for consistent methods of biomass estimation, there is no strong rationale to justify one method of estimation as being superior to another. In this study, we compared different methods that belonged to three major groups. The first group of methods (group I methods) uses an analytical approach to estimate total and component biomass using existing equations and are the FIA-CRM, FIA-PNW, and Jenkins methods. The second group of methods (group II methods) is a regression-based approach that used a system of equations fitted with seemingly unrelated regression (SUR). The dependent variables in the system of equations were component biomass and total biomass, and the independent variables were DBH, DBH and total height, or DBH and crown length. These two groups of methods give the amount of biomass contained in each component and also the total aboveground biomass. The third group of methods (group III methods) predicted the proportions of biomass in each component using beta, multinomial log-linear, and Dirichlet regressions. Predicted proportions are then applied to the observed total aboveground biomass to obtain the amount of biomass in each component.
Materials and methods

Data and study area
A detailed biomass data collection was carried out by destructively sampling 22 Douglas-fir and 33 lodgepole pine trees in different forests within the state of Oregon (Fig. 1 ). Efforts were made to select trees to give an approximately equal representation across a range of size classes while avoiding the trees with severe defects and that were close to the stand edges. Trees that were forked below breast height and trees with damaged tops were also not included in sampling. The field work was carried out between the first week of July and third week of September 2012 and 2013. The following tree-level attributes were recorded: DBH, total height, crown base height (height to the base of the first live branch), crown width, and main stem diameter at 0.15 m, 0.76 m, 1.37 m, and 2.4 m above ground and every 1.22 m afterwards. Diameter measurements were made on a total of 2975 and 4458 branches from Douglas-fir and lodgepole pine, respectively. The mean DBHs were 54.9 cm and 24.6 cm and mean heights were 33 m and 17 m for Douglas-fir and lodgepole pine trees, respectively (Table 1) .
The crown of the sample tree was divided into three equallength strata. For all first-order branches, i.e., for the branches that are directly attached to the main bole, height to branch base and diameter at the branch base were measured, and for the first branch and every third branch in each stratum, branch length and green mass of both live and dead branches were recorded. Four, three, and two branches from lower, middle, and upper stratum, respectively, were randomly selected for weighing with and without foliage. The needles were removed in the field to obtain a separate green mass of branch wood and foliage. These branches were then brought to the lab, keeping branch wood and foliage in separate paper bags, for drying. Disks that were 3-5 cm thick were removed from the top of the stump and every 5.18 m. Green mass of disks with and without bark, as well as four measurements 90°a part along the disk edge for thickness, was recorded in the field. A bark sample that was 5-10 cm long was removed from each disk. The width, thickness, and length of the bark samples were also recorded in the field. The sample branches were chipped into small pieces to expedite the drying process and placed in a kiln for drying at 105°C. Oven-dried mass was recorded by tracking the mass lost by each sample (disk, branch wood, needle, and bark) until no further mass was lost.
Total tree biomass computation involved additional steps. Once on the ground, the bole of the sampled tree was sectioned into 5.18 m long sections. Disks that were 3-5 cm thick were removed from the top of the stump and every 5.18 m; diameter inside bark at both ends of the 5.18 m sections were also obtained. The insidebark cubic volume of these sections was calculated using the Smalian's formula, which was then converted to inside-bark section biomass by multiplying it by the mean density of the disks taken from two ends. Inside-bark volume of the stump was calculated as a cylinder, whereas the volume of the top section was calculated as a cone. Both the stump volume and volume of the top section were multiplied by the density of the lowest and top disks to obtain the stump and top biomass, respectively. Total inside-bark bole biomass was obtained by summing the stump, sections, and top masses. Outside-bark bole volume was obtained in the same way as to obtain total inside-bark stem volume, using outside-bark diameters in place of inside-bark diameters. Total stem bark volume was then obtained by subtracting inside-bark stem volume from the outside-bark stem volume. The density of bark samples was obtained as the ratio of dry mass to its volume calculated assuming a rectangular shape. Then, the method of bark biomass calculation was same as the method for inside-bark bole biomass calculation except that the bark sample densities were used instead of the disk density. Individual branch wood and foliage biomass was obtained by fitting a species-specific log-linear model of the following form:
where y ij and BD ij are oven-dried mass (kg) of branch wood (or foliage) and branch diameter (cm) at base of the jth branch on ith tree, respectively; ␤ ij s are regression parameters to be estimated from the data; ln(·) is the natural logarithm; and ij s are the random errors. The scatterplot of the logarithm of branch wood and foliage biomasses against the logarithm of branch basal diameter showed that a linear model was appropriate for modeling these relationships. Similar model form has been used by Temesgen et al. (2011) to model foliar biomass for Douglas-fir and ponderosa pine and by Poudel et al. (2015) to estimate crown biomass in Douglas-fir. When logarithmic regressions are used, there is inherent negative bias due to the fact that the dependent variable is transformed prior to estimation (Snowdon 1991) . The commonly used remedy to this is to multiply the back-transformed results by a correction factor [exp(MSE/2)], proposed by Baskerville (1972) , where MSE is the mean squared error obtained by the leastsquares regression. However, there are conflicting remarks about the correction factor itself (e.g., Beaucham and Olson 1973; Flewelling and Pienaar 1981) , and the effects of adjustment might be negligible (e.g., Harrison et al. 2009 ). Therefore, we did not use the correction factor in this study. The correction factors for Douglas-fir branch wood and foliage biomass models were 1.06 and 1.14, respectively, and for lodgepole pine, the correction factors were 1.12 and 1.16 for branch wood and foliage biomass models, respectively. Total branch wood and foliage biomass in each tree was obtained by summing these fitted values. The distribution of aboveground biomass in different components differed among species, with the majority of the aboveground biomass being present in the main bole (Fig. 2) .
Methods for estimating aboveground biomass
Group I methods
There are many different methods available for the calculation of aboveground biomass and its components. The Forest Inventory and Analysis (FIA) of the USDA Forest Service uses the component ratio method (CRM) described in Heath et al. (2008) to produce national-level biomass and carbon estimates. The FIA-CRM method is a multistep process that involves converting sound volume of wood in the merchantable bole to bole biomass using a compiled set of wood-specific gravities. The biomass in bole bark is calculated using a compiled set of percent bark and bark-specific gravities. The set of wood-and bark-specific gravities and percent bark are compiled in Miles and Smith (2009) . The biomass of tops and limbs is calculated as a proportion of the bole biomass, based on component proportions from Jenkins et al. (2003) . Biomass in stump wood and bark is based on volume equations in Raile (1982) , as well as the compiled set of wood-and bark-specific gravities. Total aboveground biomass is obtained by summing these component masses.
The FIA program of the USDA Forest Service has four regional units: Northern, Southern, Interior West, and Pacific Northwest (FIA-PNW). The FIA-PNW collects and maintains the data on plots in coastal Alaska, California, Hawaii, Oregon, Washington, and United Sates affiliated Pacific Islands. To calculate aboveground biomass, the FIA-PNW uses its specific set of equations. Tree stem biomass is calculated from the cubic volume and wood density factor. The specific equations used by FIA-PNW for volume and aboveground biomass in the Pacific Northwest can be found in Zhou and Hemstrom (2010) .
The Jenkins et al. (2003) equations were derived by fitting regressions on pseudo data generated from previously published equations. The Jenkins et al. (2003) equations for total aboveground biomass are single-entry equations that only use DBH as a predictor variable. Biomass of the components is predicted as the proportions of total aboveground biomass using an exponential function of DBH, predicted differently for hardwood and softwood species groups.
Group II methods
Aboveground biomass equations are used to convert forest inventory data to biomass estimates. These equations combine biomass data obtained from destructive sampling with the dendrometric information through regression. Regression models for total and component aboveground biomass have been fitted using different fitting approaches with linear and nonlinear functions. The sets of component biomass equations can be fitted independently or as a system of equations. When a system of equations is fitted simultaneously, the residuals are correlated because the component biomasses come from the same tree. Therefore, the SUR method that allows the inclusion of dependencies among the error terms of the component biomass equations is commonly used to estimate component and total aboveground biomass (e.g., Parresol 1999; Lambert et al. 2005; Ritchie et al. 2013) . The SUR models can be constrained such that the prediction of component equations sum to the prediction of total tree regression.
The single-entry DBH-based allometric models for component biomass are much more complex than for total aboveground biomass (Jenkins et al. 2003) . Zhang et al. (2004) found that diameter at the base of the live crown was a better predictor of crown foliage biomass than DBH. For mixed-species Atlantic forest stands, a transformed nonlinear biomass equation that used squared DBH, total tree height, and wood density as predictor variables was the most accurate model for aboveground biomass (Nogueira Junior et al. 2014) . Therefore, we extended the singleentry DBH-based SUR models to include other predictor variables. Both single-and multiple-entry SUR models were constrained such that the prediction of component equations sum to the pre- diction of total tree regression. The models for component and total biomass in the simple and extended SUR methods were in the following form:
Bole ϭ exp(a 11 ϩ a 12 X 1 ϩ a 13 X 2 ϩ a 14 X 3 )
where a ij (i = 1,2,3,4, and j = 1,2,3,4) are parameters to be estimated from the data and X 1 , X 2 , and X 3 are natural logarithms of DBH, total tree height, and crown length, respectively. Note that for the simple SUR method, only X 1 was used as explanatory variable. The dependent variables in these equations were component or total biomass (kg) in the original scale (not in the logarithmic scale). The choice of model form was primarily guided by past literature, and the diagnostic plots did not show a severe problem with the model form. The studentized residuals for the extended SUR models for bole biomass estimation in Douglas-fir and lodgepole pine trees are shown in Fig. 3 . SAS procedure PROC MODEL (SAS Institute Inc. 2013) was used to fit both simple and extended SUR models. We made the necessary computational adjustments to match the component definitions in all methods and applied these methods to estimate component and total aboveground biomass of all five species.
Group III methods
The component biomass can be estimated as the proportions of total aboveground biomass. A proportion is bounded between 0 and 1, and therefore, the effect of explanatory variables tends to be nonlinear, and the variance tends to decrease when the mean get closer to one of the boundaries. In this study, we evaluated three different methods for estimating proportions, namely the beta regression, Dirichlet regression, and the multinomial loglinear regression (MLR).
Beta regression
The beta regression model was introduced by Ferrari and Cribari-Neto (2004) and is useful when the variable of interest is continuous, restricted to the interval (0, 1) such as percentages, proportions, and fractions or rates, and related to other variables through a regression structure. Since then, it has been used in many fields including medicine (Hubben et al. 2008) , economics (De Paola et al. 2010) , education (Smithson and Verkuilen 2006) , and forestry (Korhonen et al. 2007; Eskelson et al. 2011 ). Korhonen et al. (2007) used this technique for modeling percent canopy cover in a conifer-dominated study area in central Finland. Eskelson et al. (2011) used beta regression to estimate riparian percent shrub cover. This method produced smaller mean squared prediction error and absolute bias compared with the ordinary least squares and generalized least squares regression models used in their study. The usual beta distribution is of the following form:
where ␣ and ␤ > 0 are two shape parameters and ⌫͑·͒ is the gamma function.
To obtain a regression structure for the mean of the response and a precision (dispersion) parameter, Ferrari and Cribari-Neto (2004) used a different parameterization of the beta distribution. With mean and precision parameters defined as = ␣/(␣ + ␤) and = (␣ + ␤), respectively, the beta density function has the following form under new parameterization: 
(1 Ϫ y) (1Ϫ)Ϫ1 for 0 Ͻ y Ͻ 1 where 0 < < 1 and > 0. With this parameterization, the beta regression model can be written as
where g͑·͒ is strictly increasing and is a double differentiable link function that maps (0, 1) on to the real line R,
T is a vector of k unknown regression parameters (k < n), and i is a linear predictor (i.e., i = ␤ 1 x i1 + … + ␤ k x ik , usually x i1 = 1 for all i so that the model has an intercept) (Cribari-Neto and Zeileis 2010).
We used various combinations of explanatory variables to predict proportion of aboveground biomass present in different components. The logit link function g͑͒ ϭ log͓/͑1 Ϫ ͔͒ was used, thus the predicted proportions are obtained as i ϭ ͓exp͑ i ͒/ ͑1 ϩ exp͑ i ͔͒͒. The beta regression was performed in R version 3.1.2 (R Core Team 2014) with function betareg in package betareg (Cribari-Neto and Zeileis 2010). The predictor variables in the beta regression were DBH and total tree height for both species.
Dirichlet regression
The Dirichlet distribution is a multivariate generalization of the beta distribution and takes the following form:
where ␣ c are the shape parameters for each variable, C ␣ c , respectively. Then, the Dirichlet density has the following form:
where 0 < < 1 and > 0.
The Dirichlet regression is useful for modeling data that represent the components as percentage of the total. With the usual parameterization, the regression model can be formulated as
Where g͑·͒ is the link function, which is log ͑·͒ for the model with usual parameterization (Maier 2014a (Maier 2014b) . The predictor variables used in Dirichlet regression were also the DBH and total tree height for both species.
Multinomial log-linear regression
In this method, four components (bole, bole bark, branch, and foliage) were set to four nominal values. The models to predict proportions of total tree biomass found in bole wood, stem bark, foliage, and branch were fit simultaneously using a multinomial logit model. The models for component proportions were (13) p Bole ϭ 1where p Bole , p Bark , p Foliage , and p Branch are proportions of total aboveground biomass in bole, bark, foliage, and branch, respectively; X 1 = DBH; X 2 = total tree height; and a i , b i , and c i (i = 1,2,3) are model parameters. The multinomial logit fit provides the "probability" of observing these components and can be considered as the proportion of biomass in each component and estimated by model parameters (Boudewyn et al. 2007 ). The MLR was performed in R version 3.1.2 (R Core Team 2014) with function multinom in package nnet (Venables and Ripley 2002) . The biomass present in each component was used as the frequency weight, and the bole component was used as the reference group. The methods used to estimate aboveground biomass and (or) its components in this study were applied to Douglas-fir and lodgepole pine trees. Performance of all the methods was evaluated based on the bias and RMSE produced by each method. In statistics, bias is defined as the difference between the true value of an unknown parameter and the expected value of its estimator. Bias in this study is defined as the mean difference between the measured or observed value and the predicted value of the variable of interest.
Results and discussion
The FIA-CRM, FIA-PNW, and the Jenkins methods were biased and produced the highest values for RMSE. The mean bias and RMSE produced by these methods are given in Table 2 . These methods produced similar estimates for total aboveground biomass for lodgepole pine trees, but for the Douglas fir trees, these methods provided differing estimates. The Jenkins method for Douglas fir produced total aboveground biomass that was 18.4% and 23.7% higher than the estimates provided by the FIA-PNW and FIA-CRM methods, respectively. These methods provided the component biomass estimates for lodgepole pine that were closer to each other than the component biomass estimates for Douglas-fir. However, none of these methods were consistent in over-or under-predicting the component masses (Fig. 4) . Previous studies have also shown great discrepancies in biomass estimates obtained from the FIA-CRM, FIA-PNW, and Jenkins methods. For example, Nay and Bormann (2014) found the Jenkins equation to predict up to 190% of the site-specific foliage biomass equation for Douglas-fir.
The lodgepole pine trees in our sample were the trees with smaller DBHs (mean DBH, 24.6 cm) compared with the DBHs of the Douglas-fir trees (mean DBH, 54.9 cm). Indeed, the Jenkins, FIA-CRM, and FIA-PNW methods were more sensitive to tree size compared with other methods. For example, the RMSE percent for total aboveground biomass using the Jenkins equations for Douglas fir dropped from 57.7% to 11.1% when this approach was applied to the trees that are < 94 cm in DBH. With the FIA-CRM method, the RMSE percent for total aboveground biomass of Douglas fir decreased from 10.2% to 7.1% for trees that are < 94 cm in DBH. Similarly, the RMSE percent for total aboveground biomass of Douglas fir decreased from 16.3% to 8.5% in using the FIA-PNW method for trees that are < 94 cm in DBH.
The parameter estimates and their approximate standard errors of the simple and extended SUR models are presented in Table 3 . The mean bias and RMSE produced by simple and extended SUR approaches are presented in Table 4 . These locally fitted SUR models (both simple and extended) provided component and total aboveground biomass estimates that were more accurate (lower RMSE) than the estimates produced by the FIA-CRM, FIA-PNW, and Jenkins methods. Including additional explanatory variables than just DBH in the SUR models resulted in the decrease in RMSE percent from 10.7% to 8.3% for Douglas fir and from 22.8% to 20.5% for lodgepole pine total aboveground biomass. The RMSE for bole biomass estimation was reduced by 2.3% and 6.9% for Douglas fir and lodgepole pine, respectively, by using the extended SUR model instead of the simple SUR models. It is logical because one would, for example, expect differences, at least, in the bole biomass for a same DBH tree with a different height, which would not be accounted for by DBH-only models.
However, it should be noted that even though the RMSE for total aboveground biomass is decreased by using the extended SUR model, the RMSE for some component biomass slightly increased (Fig. 5 ). This could have been avoided by not constraining the extended SUR models, i.e., fitting independent component models rather than fitting a system of equations, which, in turn, would have affected the additivity of the component models.
The beta regression, Dirichlet regression, and MLR provided the predicted proportions of each component biomass. The predicted proportions were then applied to observed total aboveground biomass to obtain predicted biomass estimates in different components (B c ), i.e., B c ϭ p AGB, where p and AGB are predicted proportions and observed total aboveground biomass (kg), respectively. In practice, it is unreasonable to assume that information on actual or measured total AGB would be available. In that case, the AGB should be replaced with AGB, i.e., the predicted total aboveground biomass. The model given in eq. 6 can be used to obtain AGB. The parameter estimates for these models are available on request. The bias and RMSE produced by these methods are given in Table 5 . These methods unbiasedly predicted component proportions for all species. These methods also provided component biomass estimates that were more accurate (lower RMSE) than the estimates produced by the FIA-CRM, FIA-PNW, and Jenkins methods.
The beta regression produced smaller RMSEs compared with the simple SUR models, except for Douglas-fir branch biomass, whereas it produced smaller RMSEs than the extended SUR models for both the Douglas-fir and lodgepole pine component biomasses. The beta regression produced a 2.8% higher RMSE for Douglas-fir branch biomass, but for foliage, bark, and bole biomass, it decreased the RMSE by 5.4%, 7.8%, and 8.8%, respectively, compared with the simple SUR models. In case of lodgepole pine, the beta regression decreased RMSEs by 16.5%, 4.2%, 13.7%, and 24.6% for foliage, bark, branch, and bole biomass, respectively, compared with the simple SUR models. Comparing the performance of beta regression against the extended SUR models, it decreased RMSEs by 8.1%, 11.8%, 0.2%, and 6.5% for Douglas-fir and by 13.6%, 4.2%, 8.4%, and 17.7% for lodgepole pine foliage, bark, branch, and bole biomasses, respectively. This was expected because the measurement of proportion takes values on the open interval (0, 1), and the influence of explanatory variables on continuous responses bounded between 0 and 1 can be investigated with the beta regression (Ferrari and Cribari-Neto 2004) . Similarly, the Dirichlet regression also produced a smaller RMSE compared with the simple SUR methods, except for Douglas-fir branch biomass, but it produced smaller RMSEs than the extended SUR models for both Douglas-fir and lodgepole pine component biomasses. The Dirichlet regression produced a 2.1% higher RMSE for Douglas-fir branch biomass; however, for foliage, bark, and bole biomass, it decreased RMSE by 1.6%, 3.7%, and 8.7% compared with the simple SUR models. In the case of lodgepole pine, the Dirichlet regression decreased RMSEs by 7.4%, 0.8%, 14.7%, and 23.2% for foliage, bark, branch, and bole biomass, respectively, compared with the simple SUR models. Comparing the performance of Dirichlet regression with the performance of the extended SUR models, it decreased RMSEs by 4.2%, 7.8%, 0.9%, and 6.3% for Douglas-fir and by 4.5%, 0.8%, 9.5%, and 16.3% for lodgepole pine foliage, bark, branch, and bole biomasses, respectively. One advantage of using Dirichlet regression over beta regression is that the Dirichlet regression allows simultaneous fitting of the component proportions, and therefore, the predicted proportions sum to 1. The better performance of Dirichlet regression models could be attributed to their capability to capture the variance in proportions that sum to a constant exhibiting skewness and heteroscedasticity.
The MLR consistently produced a smaller RMSE compared with both SUR methods for both species and all components. The MLR decreased RMSEs by 2.1%, 4.7%, 1.1%, and 9.1% for Douglas-fir and by 10.2%, 5.0%, 14.9%, and 23.5% for lodgepole pine foliage, bark, branch, and bole biomasses, respectively, compared with the simple SUR models. The MLR produced RMSEs that were 4.7%, 8.8%, 4.2%, and 6.8% smaller for Douglas-fir and 7.4%, 5.0%, 9.7%, and 16.6% smaller for lodgepole pine foliage, bark, branch, and bole biomasses, respectively, compared with the RMSEs produced by the extended SUR models.
There was no single method to predict proportion that was best for all both species and component biomass. The beta regression produced the smallest RMSEs for foliage and bark biomass estimation, whereas the MLR produced the smallest RMSEs for branch and bole biomass estimation for Douglas-fir. In the case of lodgepole pine, the beta regression produced the smallest RMSEs for foliage and bole biomass estimation, but the MLR produced the smallest RMSEs for bark and branch biomass estimation. It should be noted, however, that the RMSE percent produced by these methods were within 4.2% of each other, except for the lodgepole pine foliage estimation; in which case, the Dirichlet regression produced a 9.1% higher RMSE compared with the beta regression. 
Summary and conclusion
The methods to estimate aboveground biomass and (or) its components used in this study provided differing estimates for total aboveground biomass and its components. Both simple and extended SUR methods performed better than the FIA-CRM, the FIA-PNW, and the Jenkins methods for our dataset. The FIA-CRM, FIA-PNW, and Jenkins methods provided results comparable with both SUR methods for smaller trees (DBH, <94 cm), but they were highly biased for bigger trees. The methods for estimating proportions were clearly superior to the FIA-CRM, FIA-PNW, and Jenkins methods in terms of bias and RMSE. These methods were also superior to both simple and extended SUR methods with some exceptions. However, none of these methods was clearly superior to the other.
The Jenkins method for our Douglas fir trees produced total aboveground biomass that was 18.4% and 23.7% higher than the estimates provided by the FIA-PNW and FIA-CRM methods, respectively. Zhou and Hemstrom (2009) reported similar differences (17% and 20%, respectively) for the major softwood species in Oregon. The FIA-CRM, FIA-PNW, and Jenkins methods produced up to 3.4 and 2.6 times higher mean bark biomass estimates for Douglas-fir and lodgepole pine trees. The bole biomass estimates were within 10% for Douglas fir and within 22% for lodgepole pine. These methods were very inconsistent for branch and foliage biomass, overestimating for one species-component combination and underestimating for other combinations. The FIA-CRM and Jenkins methods were developed for larger scale biomass estima- Note: DF, Douglas-fir; LP, lodgepole pine. Note: DF, Douglas-fir; LP, lodgepole pine. Predicted component biomass was obtained by applying predicted proportions to the observed total aboveground biomass. tion; therefore, the estimates obtained from these methods are inconsistent at the smaller scale.
In fitting the SUR models, the use of explanatory variables other than DBH was justified by the reduction in RMSE produced by the extended SUR method in estimating total aboveground biomass. This also reduced the RMSE for bole biomass. However, it did not improve prediction for some components. This could be because the added variable provided more information for the bole and total biomass but not for other components. We also found that, for Douglas fir, the addition of crown length rather than total height to the DBH-only model was useful in estimating foliage and branch biomass. By using crown length instead of total height, the adjusted R 2 of the foliage and branch models increased from 0.44 and 0.55 to 0.81 and 0.89, respectively.
The knowledge of biomass distributions in different tree components is essential to determine which portion of the tree can provide what amount of biomass for different purposes. The proportion of component biomass can be predicted using the beta regression, Dirichlet regression, and MLR. These methods were not only unbiased, but also produced very small RMSE values compared with the FIA-CRM, FIA-PNW, and Jenkins methods. They also provided better results compared with both SUR methods for most of the species-component combinations. One desired property in the component biomass estimation is the property of additivity, which can be attained by simultaneous fitting of component proportions in the Dirichlet regression and MLR. These methods ensure that the predicted component proportions sum to 1.
Even though the methods or models that are capable of predicting forest biomass at the large scale are desired, the use of such models without local calibration could lead to serious bias. When the large-scale models are calibrated, these models could perform even better than the locally fitted equations (e.g., de-Miguel et al. 2014a) . With increasing interest in the utilization of component biomass for bioenergy, the importance of component models is also increasing. The differences in the scale of development and application of model could result in higher bias for the component biomass estimation. The findings of this study should provide information on the efficiency of selected methods in quantifying component and total aboveground biomass. Application of the methods to predict component proportions for other species and locations and with a larger dataset would further validate their accuracy.
